Dynamic adaptive streaming over HTTP (DASH) has become a promising solution for video delivery services over the Internet in the last few years. Currently, several video content providers use the DASH solution to improve the users' quality of experience (QoE) by automatically switching video quality levels (VQLs) according to the network status. However, the frequency of switching events between different VQLs during a video streaming session may disturb the user's visual attention and therefore affect the user's QoE. As one of the first attempts to characterize the impact of VQL switching on the user's QoE, we carried out a series of subjective tests, which show that there is a correlation between the user QoE and the frequency, type, and temporal location of the switching events. We propose a novel parameter named switching degradation factor (SDF) to capture such correlation. A DASH algorithm with SDF parameter is compared with the same algorithm without SDF. The results demonstrate that the SDF parameter significantly improves the user's QoE, especially when network conditions vary frequently.
Introduction
IP network uses the concept of best-effort delivery, where the network does not guarantee the data arrival to the end user at the right time and order, depending on the network traffic load. However, many services, such as video streaming, run over IP networks, where transport layer protocols attempt to improve the IP network performance and, consequently, the end users' quality of experience (QoE). One of these protocols is the widely adopted Transmission Control Protocol (TCP) that supports reliable end-to-end data delivery.
In the last years, video traffic has been increasing dramatically because many video services over the Internet gained popularity. The large number of wireless devices that use video services via mobile networks is one of the major contributors to the growth of video traffic. Currently, most video streaming services run over HyperText Transfer Protocol (HTTP) that uses TCP as the transport layer protocol, which is not intercepted or blocked by firewalls or network address translation (NAT), as is the case for User Datagram Protocol (UDP). Moreover, HTTP-based delivery provides reliability and deployment simplicity due to HTTP and TCP protocols, which are widely implemented [1] .
Video quality assessment and, therefore, users' QoE evaluation is relevant due to the large number of video services offered nowadays. Subjective test of video quality assessment are conducted to determine the user's satisfaction based on which video services may be improved [2] . These tests are generally performed under laboratory conditions. Nevertheless, in recent years, some studies [3, 4] show the possibility to perform image or video quality assessment through remote assessors using the Internet.
In recent years, dynamic adaptive streaming over HTTP (DASH) standard [5] has gained popularity. The purpose of DASH is to improve the end user's QoE using a video streaming service. Several video content providers adopted different DASH solutions introducing client and server software, and the most sophisticated consumer electronic devices are expected to support it [6] . A performance comparison of different adaptation algorithms programmed in the most popular DASH commercial solution is presented in [7] . It is worth noting that the DASH solution uses a video signal quality level determined at the users' devices. Studies in other areas are making similar efforts. Examples include the 3rd Generation Partnership Project (3GPP) named minimization of drive test (MDT) [8] . The DASH solution uses an adaptation control algorithm to determine the most appropriate video segment to be transmitted according to some network and/or application layer parameters, which reflects the video signal quality to the user's device.
As stated before, DASH intends to improve the users' QoE because they receive the best VQL allowed by network conditions. However, if the network condition changes constantly, the DASH adaptation control algorithms will switch between different VQLs. As a consequence, the user may experience multiple changes in the video presentation in a short time period, thereby affecting the user's QoE. In this research, each VQL is classified by its temporal and spatial resolutions. Different VQL switching types are considered depending on the video encoding characteristics. Switching events between videos with different spatial or temporal resolutions have different impacts on visual attention and user QoE. Hence, different effects on the overall user's QoE are also expected.
The main purpose of this work is to quantitatively determine how the VQL switching events affect the user's QoE in a DASH scenario. This fact stresses the relevance to include, in the DASH algorithms, a decision parameter we named switching degradation factor (SDF) that changes with the VQL switching types, the frequency of VQL switching events, and their temporal locations. Subsequently, improved DASH algorithms are obtained by performing VQL switchings depending on SDF values. Furthermore, this concept can be extended to other bit rate adaptation applications, such as scalable video coding (SVC) [9] .
The remainder of this paper is structured as follows: Section 2 presents an overview of the DASH solution, quality adaptation, and visual quality assessment methods. Section 3 describes the quality degradation factors in VQL switching events. Section 4 introduces the proposed SDF parameter. Section 5 illustrates the test environment, implementation, and the results, highlighting the importance of considering the SDF parameter as a decision factor in the DASH algorithm. Finally, Section 6 draws the conclusions.
2 Overview of DASH, quality adaptation, and visual quality assessment methods DASH is a new standard developed by 3GPP and MPEG [4, 5, 10] aiming to encode video files using different encoder parameters. Different versions of the same video are obtained and stored in a video server; in which each video version represents a different VQL. In MPEG DASH, the metadata is named media presentation description (MPD). In the DASH solution, the MPD and media are delivered by the HTTP protocol. Each video version stored in the server is logically divided into video segments. A video segment can be represented as a small video file with its own MPD in the file header. The MPD maps the video segment position to the time of the complete video. Thus, the client can access a specific video segment. A general description of a DASH system is shown in Figure 1 , in which four versions of the same video with different spatial resolutions are stored in the video server (VQL A to VQL D ). The video segments are represented by the letter S, for instance, the first segment of VQL A denoted by SA1. In Figure 1 , a DASH control algorithm is employed at the client side. This algorithm uses network parameters as inputs, most commonly the throughput connection, to determine the segment quality level to be downloaded.
In the last 2 to 3 years, a number of adaptation control algorithms have been proposed. These algorithms are typically based on parameters such as available bandwidth [11, 12] , throughput [13] [14] [15] , round-trip time (RTT), the average download bit rate, the number and frequency of pauses during a time interval [16, 12] that are related with buffering events [17] , and the delay associated with user interactivity [18] . In [13] , an architecture for DASH in a content distribution network (CDN) scenario is studied. In [19, 20] , the user perception of adapting video quality is studied. In [19] , different test scenarios of a quality upgrade are evaluated in order to determine the optimal adaptation trajectory, but the user QoE degradation is not quantitatively measured; thereby, the results cannot be directly used in a DASH control algorithm. Also, the temporal locations of VQL switching events are not considered.
In the Internet world, smooth transmission of video data has become one of the most challenging problems [21] . If there is a sudden change in video quality during a video streaming session, a common practice in DASH quality adaptation, the visual QoE may be negatively affected. In particular, when the visual system adapts to a specific quality level at specific spatial and temporal resolutions, sudden changes in the quality level may trigger unwilling eye activities such as refocusing and eye movement, which could be distractive to human attention from the video content, resulting in unpleasant QoE. Our preliminary subjective test presented in Figure 2 also suggests that different types of VQLs may have different impacts on visual QoE. Specifically, two types of 1-min videos are shown to the subjects, one contains switching events with different temporal resolutions only and the other with different spatial resolutions only. There are two useful observations from Figure 2 . First, the negative effect on visual QoE, gauged using the mean opinion score (MOS), increases with the frequency of VQL switching. When the frequency is less than 1/16 per second, the effect is minimal, and when the frequency is higher than 1/14 per second, significant drops in MOS values are observed. Second, the negative impact of VQL switching in spatial resolution is much stronger than that in temporal resolution. These observations suggest that to achieve optimal QoE, network quality adaptation techniques should take into account both the frequency and types of VQL switching events. Unfortunately, this has not been well accounted for in state-of-the-art DASH algorithms Visual attention, context awareness, and assessment of users' expectations play an essential role in determining the user's QoE. The assessment of QoE should include objective human cognitive aspects and incorporate some valid psychological subjective and social approaches [22] ; thus, the study is multi-disciplinary in nature, incorporating psychology, cognitive science, sociology, and information technology [23] . It is worth noting that during the subjective test, the evaluators' attention is also predominantly selective to the video content being watched. Hence, the experimental test environment needs to be isolated from external stimuli such as visual or audible noise that could interfere with the evaluators' attention. A number of standard subjective testing methodologies recommended by ITU are described in ITU-R BT-500 [24] and ITU-T P.910 [25] . The methodologies in ITU-R BT-500 include double-stimulus continuous quality scale (DSCQS), double-stimulus impairment scale (DSIS), single-stimulus continuous quality evaluation (SSCQE), and simultaneous double stimulus for continuous evaluation (SDSCE). The methodologies in ITU-T P.910 include absolute category rating (ACR), degradation category rating (DCR), absolute category rating with hidden reference (ACR-H), and paired comparison (PC). In this work, we adopt the ACR approach with a 5-point MOS scale recommended in ITU-T P.910, as shown in Table 1 .
Quality degradation factors in VQL switching
In order to have a better understanding of the impact of VQL switching on visual QoE, here, we elaborate the key issues that have not been fully accounted for in the current DASH quality adaptation control algorithms.
Frequency of VQL switching events
Considering the changes in network conditions and buffer status, the DASH controller can react in two ways, a switch up (SU) or a switch down (SD) of VQL. The former happens when the bandwidth allows the client to require a higher VQL from the server, and the latter occurs when the bandwidth is not sufficient and it is necessary to perform a downgrade in VQL to avoid interruptions or delays in video transmission. Figure 3 presents a simple illustrative two-VQL scenario, named Scenario A, where VQL A and VQL B represent the high-and low-quality levels, respectively. This scenario contains several VQL switching events and no VQL switching before timestamp T0 is assumed. There are eight time intervals (e.g., the first time interval is from timestamp T0 to T1), each one with t-second duration. Within each interval, the same VQL is maintained, and after this interval, a VQL switching event can occur. In DASH applications, this time interval (t) represents a video segment length that has only a VQL. In order to examine the frequency of VQL switching events, we would need to first define a sliding observation window that shifts with time. For illustrative purpose only, here, we give an example by defining the size of the sliding window to be
We have chosen an observation window size of 4 t because the total time range presented in Figure 3 is 8 t, permitting a good visualization of the first two windows, stressing that this value is only for clarification purposes. Let N S and F S denote the number of VQL switching events and their frequency within the sliding observation window, respectively. F S and N S are related by
In addition to F S , the network and buffer status can be either good (G), equal (E), or bad (B), and the reaction of the DASH algorithm can be either SU, SD, or no action. Table 2 describes the behavior of scenario A, where the network and buffer status can be complemented with other application layer parameters as inputs to the DASH algorithm.
The current DASH algorithms only consider the network and/or application layer parameters, without taking into account the negative QoE effect caused by VQL switching. As a result, VQL switching is triggered at every timestamp, as can be seen in Table 2 . To give an example about how the parameter F S could be used to avoid too frequent VQL switching events, we define a simple improved algorithm that adds F S as a decision factor (where a F S threshold of 1/2 is selected merely to give an example), and the improved algorithm is summarized in Table 3 . Figure 4 plots the case of scenario B when the improved algorithm defined in Table 3 is applied. In addition, Table 4 elaborates the behaviors of the scenario. As expected, the number of VQL switching events is significantly reduced because the DASH algorithm is complemented by prohibiting any SU event as long as the F S parameter is above the threshold 1/2.
Types of VQL switching events
In a DASH scenario, there are often more than two versions of the same video available in the video server. Therefore, there could be many more types of VQL switching events, as opposed to only SD and SU in scenarios A and B.
Figure 5 depicts scenario C, in which there are five VQLs and VQL A and VQL E represent the highest and the lowest quality levels, respectively. Since VQL switching can occur between any of the five VQLs, there are multiple possible types of switching events, each of which could affect the user QoE in a different way. Therefore, it is desirable to investigate how to quantify the impact of each switching event type on the overall QoE and how to embed such information in the design of DASH quality adaptation algorithms.
Temporal location of VQL switching events
Another factor that may affect the user QoE is the temporal locations of the VQL switching events. An example is given in Figure 6 , where in scenario D, the switching events all occur at the beginning of the session, while in scenario E, all switching events are near the end of the session. Current DASH algorithms do not consider the temporal location of the switching events and give the same degradation weight to both scenarios. This may not be able to precisely account for their actual impacts on the user QoE, which may be affected by psychological factors such as the memory effect.
Quality degradation model for VQL switching
Preliminary subjective test results of video quality assessment demonstrated that the users' QoE is affected by the three key quality degradation factors (frequency, type, and temporal location of switching events) related to VQL switching, as elaborated in the three scenarios presented in the previous section. These factors have not been well accounted for in the current DASH algorithms. In this section, we propose a novel SDF, which combines the aforementioned three factors. Parameters in SDF are calibrated using subjective testing data. An improved DASH algorithm is then proposed by incorporating SDF as a decision factor.
For illustration purpose, we will use a specific example in our description of SDF, though the formulation of SDF is applicable to the general scenarios. Assuming there are six versions of the same video, namely V A , V B , V C , V D , V E , and V F in which V A and V F represent the highest and the lowest VQLs, respectively. We name a VQL switching between two videos with different spatial resolutions but the same temporal resolution a spatial resolution switching (SRS), and a VQL switching between different temporal resolutions but the same spatial resolution a temporal resolution switching (TRS). Considering the scenario 'C' presented in Figure 5 , each VQL switching type i can affect the overall user QoE in a different manner, and we thus associate it with a different weight w T ð Þ i that quantifies its importance to the user QoE. Table 5 gives an example of six VQL switching types used in our tests.
As presented in Figure 6 , the switching events at different temporal locations (e.g., the beginning, middle, and end part of the video) may have different impacts on the overall user QoE; we divide the video into segments, each segment associated with a segmentation index j and a weight w S ð Þ j that indicates its importance to the overall user QoE. As depicted in Figures 3 and 4 that introduced the scenarios A and B, respectively, during a time period (T) may occur some switching events (N) between different VQLs and located in different instants in the temporal domain.
With all these considerations, we can now define the SDF as
where the parameters are summarized as follows:
m: number of VQL switching types n: number of temporal segments N ij : number of VQL switching events of type i during temporal segment j w T ð Þ i : weight factor associated with switching type i w S ð Þ j : weight factor associated with temporal segment j T: duration of the time window being observed For better understanding of SDF, it is useful to map it to a new scale, so that it can be directly used to predict how VQL switching events change the 5-point scale MOS values. Motivated by previous works on the QoE of multimedia service [26] [27] [28] , we adopt an exponential function for the mapping, which is given by
where C is a positive constant that adjusts the speed of the exponential function.
It remains to determine the parameters in the SDF model, including the weighting factors w T ð Þ i and w S ð Þ j in (3) for each switching type and temporal segment, as well as the constant C in (4). To do this, we carried out two phases of subjective tests. In the first phase, K test scenarios (specifically, K = 24 in our experiment, because we considered six switching types in our tests, resulting an average of four scenarios for each switching type) were used to determine the w parameters. The lengths of the video used in phase 1 were 1 min. In each test scenario, a different set of VQL switching events with different switching types were used.
In phase 1, there is only one temporal segment, i.e., n = 1 (though it could still contain multiple VQL switching events). In the k-th scenario, the net impact of VQL switching events on the overall user QoE or the desired SDF factor (denoted by SDF D ð Þ k ) would be the difference between the mean of the MOS values of all individual VQLs that are transmitted within the video segment used in the k-th scenario (denoted by MOS mean k , which is independent of VQL switching) and the MOS value given to the whole segment (denoted by MOS k , which is certainly affected by VQL switching, if any). For this, each VQL needs to have an MOS score previously defined, and from this information, only the MOS scores of the VQLs transmitted are used to calculate the MO S mean k . Thus, we have Figure 4 Scenario B. An example of VQL switching events using DASH quality control considering parameter Fs. 
Our purpose here is to pick the optimal values for w value in (5) as possible. A convenient way to resolve this optimization problem is to transform (4) into logarithmic domain (for the case n = 1) and solve for a linear regression problem. Specifically, for the k-th scenario, taking the logarithm at both sides of (4), we have ln SDF
Pooling this for all K scenarios, we desire to have 
All unknowns are contained in vector w (T) , which can be obtained using a least square method, specifically, a pseudo-inverse given by ) and the MOS value given to the whole video (denoted by MOS k ), such that
The goal here is to find the optimal values for w (4), we obtain ln SDF
Pooling this for all K scenarios, we desire to have
where
All unknowns are contained in vector w (S) , which can be obtained by a pseudo-inverse
With all the parameters w T ð Þ i 's, w S ð Þ j 's, and C determined, we can now use Equations 3 and 4 to compute the SDF factors as well as the mapped SDF values for the given test scenarios, and SDF can be subsequently employed to predict the drop of MOS value caused purely by VQL switching events. Figure 7 Testbed used in the experiments.
It is worth noting that commercial applications of video streaming services can offer a high number of different spatial and temporal resolutions. In order for the SDF parameter to be useful for real applications, SDF needs to be agnostic to the different video resolutions and consequently works with different switching types.
Based on the w T ð Þ i and w S ð Þ j parameters obtained in previous computation, we propose a model to generalize the results to cover a broader range of switching events.
In particular, we define a spatial resolution change parameter
where (W c , H c ) and (W n , H n ) represent the widths and heights of the video before and after switching, respectively. Considering the results obtained by (10) 
where α = 2.69, β = 8.73, and η = 0.33 when R ≤ 1.33, and α = 11.44, β = 1.89 and η = 1.34 when R > 1.33. In a similar way, we find the values of w S ð Þ j can be well fitted by considering the results obtained by (16) : where κ = 1.42, λ = −0.38, n is the total number of temporal segments considered in the video, and n c is the current temporal segment in which w S ð Þ j is calculated. Finally, the MOS value that characterizes the user QoE can be predicted by incorporating SDF into previous QoE models that estimate MOS without taking into account quality degradations due to VQL switching. For example, the video streaming quality metric (VsQM) proposed in [23] provides a model to predict MOS and is specifically useful when pauses exist during video replay. Combining VsQM and SDF, we obtain a model that predicts the overall MOS value by
VsQM and SDF are the VsQM and SDF factors after mapped to the scale that can be directly used to predict MOS in a 5-point scale. This predicted MOS value, denoted by MOS (P) can then be employed by DASH algorithms for adaptive video streaming.
Implementation and testing

Testing environment and implementation
The testbed used in our experiment is shown in Figure 7 , which is isolated with no other processes running in the same computers. A network emulator is implemented based on the open-source tool NETem, which controls the available bandwidth between the client and the video server. The video server is installed with Linux and Apache web server version 2.2.21. In addition, a video player is developed using an Open Source Media Framework (OSMF). The initial buffering level requirement is set to 6 s.
Using the information of the metadata MPD, the application is able to know the spatial resolution of the video sequences. This information is obtained from the MPD xml code, specifically from the data contained in the element named 'Representation' and its attributes 'width' and 'height.' Therefore, the ratio of spatial resolutions between the current and next video segment can be calculated using the width or height values.
In the first and second phases of this work, all test videos were 1 or 3 min in length. In the validation phase, videos were 9 and 21 min in length. These videos were compressed using an H.264/AVC video encoder with different encoding characteristics to obtain six VQLs, as presented in Table 6 . The videos are divided into 2-s pieces and are stored in the video server with appropriate identifications. The client sends an HTTP request that contains the URL of a specific video identification, which has been determined by a DASH algorithm running at the client side.
Using our testbed, drastic changes in available bandwidth were emulated. Thus, several test scenarios were created, in which different numbers of VQL switching events and different switching types were inserted. In addition, the temporal locations of VQL switching events vary between different test scenarios.
A DASH control algorithm is implemented based on OSMF in which the SDF parameter was included. The flowchart is presented in Figure 8 . In order to assess the impact of SDF in a DASH control algorithm, the same test scenarios were evaluated using the same DASH algorithm but without using SDF, and the two test cases are compared, as described later.
Test results
A total of 78 subjects participated in the subjective test, including 44 females and 34 males, aged between 18 and 49 years. None of them presented any sight problems or experience in the quality assessment task. A 21.5-in. LCD monitor was employed with the following characteristics: 1,920 × 1,080 pixel resolution, widescreen ratio of 16:9 and brightness of 250 cd/m 2 . The test environment had no reflecting ceiling walls or floors and either any disturbing objects. The tests were conducted in 14 weeks, and during this period, the same test room was kept constant. All tests were performed individually and a time limit was not enforced. An instruction session was performed before the tests, in which the assessors were shown sample videos and the experiment process was explained. In the tests, an observation distance of 50 to 60 cm was considered, and assessors used the scale presented in Table 1 . Each video received at least 15 scores by the assessors and the scores are averaged to calculate the MOS value. With the test results, a statistical analysis was performed and no observer was identified as an outlier. Figure 12 shows both the subjective MOS and the predicted MOS (P) by (20) for the 24 scenarios considered in the first phase. The Pearson correlation coefficient between subjective and objective MOS values is 0.96.
In order to demonstrate the impact of temporal location, Figure 13 shows how the same impairments located at different time instants degrade the user's QoE. Four scenarios are presented, each with three variations, named A, B, and C, representing the initial, intermediate, and final temporal segments, respectively. Thus, scenarios A's have VQL switching events only in the initial temporal segment, and the same rule for scenarios B and C.
From Figure 13 , it can be observed that VQL switching events in the first temporal segment have the highest negative effect on the user QoE, and depending on the test scenario, the QoE can be drastically decreased.
Applications to DASH algorithms
Five scenarios were used to test a DASH algorithm with and without employing the SDF parameter. In the case that the SDF parameter is adopted, a threshold of 0.6 on the SDF --value is used. Figure 14 shows the subjective evaluation results. Depending on the test scenario, the difference between using and not using the SDF parameter could vary dramatically. In order to clarify the implementation of test scenarios, Table 7 presents the number and type of switching events that happened in each temporal segment during a video sequence, considering that the SDF parameter was not used in the DASH algorithm. For instance, scenario 5 had the largest quality changes between VQLs, while scenario 1 was the less affected.
In order to validate the generalized SDF parameter in (18) and (19) , additional subjective tests were conducted for video lengths of 9 and 21 min. Four versions of the same video were used, all of them with the same 
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First temporal segment (TS-B), second temporal segment (TS-M), and third temporal segment (TS-E). temporal resolution of 25 fps but with different resolutions of 1,136 × 640, 960 × 540, 480 × 234, and 320 × 200, respectively. The video sequences used in the experimental tests were built using the same methodology presented in Table 7 . Figure 15 shows the results obtained, where scenarios 1-A, 1-B, 2-A, and 2-B represents 9-min video with moderate bandwidth change, 9-min video with frequent bandwidth change, 21-min video with moderate bandwidth change, and 21-min video with frequent bandwidth change, respectively. In the case that the SDF parameter is adopted, a threshold of 0.6 on the SDF --value is used. These results are similar to those presented in Figure 14 .
From Figures 14 and 15 , it can be observed that the DASH algorithm that considers SDF substantially improves the user's QoE, especially in the scenarios where the bandwidth varies frequently. Furthermore, the results in Figure 15 demonstrate the generalization ability of the proposed method to the case of long video lengths.
Conclusions
Existing DASH solutions do not take into account the impact of VQL switching on the users' QoE. In this study, we make one of the first attempts to address this problem through subjective testing, objective modeling, as well as computer and network configurations to create different scenarios that involved DASH algorithms for adaptive streaming. The major contributions of our work are summarized as follows: First, we find that frequent VQL switching has strong impact on the users' QoE for its disturbance to users' attention to the video content. Second, we find that switchings in spatial and temporal resolutions have significantly different impacts on the QoE. Third, three features in VQL switching, i.e., switching frequency, switching type, and switching temporal location, are identified as the key factors in characterizing the impact of VQL switching on the users' QoE. Fourth, a SDF model is developed to account for the changes caused by VQL switching on the users' QoE. Fifth, a series of subjective experiments are conducted to calibrate the parameters in the SDF model as well as to test the quality prediction performance of objective models on subjective MOS. Sixth, the SDF model is embedded into DASH algorithms and compared with the same algorithms without considering the SDF factor. Validations by subjective test show that the MOSs given by human observers are significantly improved by incorporating SDF in DASH.
